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Background: The detection of coronavirus disease 2019 (COVID-19) cases remains a huge challenge. As of April 22,
2020, the COVID-19 pandemic continues to take its toll, with >2.6 million confirmed infections and >183,000 deaths.
Dire projections are surfacing almost every day, and policymakers worldwide are using projections for critical decisions.
Given this background, we modeled unobserved infections to examine the extent to which we might be grossly under-
estimating COVID-19 infections in North America.

Methods: We developed a machine-learning model to uncover hidden patterns based on reported cases and to predict
potential infections. First, our model relied on dimensionality reduction to identify parameters that were key to uncovering
hidden patterns. Next, our predictive analysis used an unbiased hierarchical Bayesian estimator approach to infer past
infections from current fatalities.

Results: Our analysis indicates that, when we assumed a 13-day lag time from infection to death, the United States, as
of April 22, 2020, likely had at least 1.3 million undetected infections. With a longer lag time—for example, 23 day-
s—there could have been at least 1.7 million undetected infections. Given these assumptions, the number of undetected
infections in Canada could have ranged from 60,000 to 80,000. Duarte’s elegant unbiased estimator approach sug-
gested that, as of April 22, 2020, the United States had up to >1.6 million undetected infections and Canada had at least
60,000 to 86,000 undetected infections. However, the Johns Hopkins University Center for Systems Science and
Engineering data feed on April 22, 2020, reported only 840,476 and 41,650 confirmed cases for the United States and
Canada, respectively.

Conclusions: We have identified 2 key findings: (1) as of April 22, 2020, the United States may have had 1.5 to 2.029
times the number of reported infections and Canada may have had 1.44 to 2.06 times the number of reported infections
and (2) even if we assume that the fatality and growth rates in the unobservable population (undetected infections) are
similar to those in the observable population (confirmed infections), the number of undetected infections may be within
ranges similar to those described above. In summary, 2 different approaches indicated similar ranges of undetected
infections in North America.

Level of Evidence: Prognostic Level V. See Instructions for Authors for a complete description of levels of evidence.

T
he detection of coronavirus disease 2019 (COVID-19)
cases remains a huge challenge1. As of April 22, 2020,
the COVID-19 pandemic continues to take its toll, with

close to 2.6 million confirmed infections and >183,000 deaths2.
Dire projections are surfacing almost every day, and policy-
makers worldwide are using projections for critical decisions.
While social distancing now appears to be globally accepted,
approaches vary substantially. Whereas Hong Kong and Sin-
gapore are experimenting with “suppress and lift” measures3,
India has been estimated to be at the top of the lockdown
stringency index4. Intelligence on the number of infections and
projected courses has never been more urgent as the world

economy heads toward a contraction of 3% in 2020 and the
world faces the worst recession since the Great Depression1.

While organizations such as the World Health Organi-
zation (WHO) are establishing COVID-19-detection proto-
cols5, leading scientific opinion and commentaries appear to
be highlighting the possibility of detection bias6. There also
appears to be a grudging acceptance that identifying and
quantifying such bias may depend largely on the number of
reported cases. The challenge with reported cases is that they
are dependent on the extent of testing. As of April 22 2020, the
numbers of tests per 1 million population varied greatly across
some of the key jurisdictions most impacted by the pandemic,
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including the U.S. (13,067), U.K. (8,248), Italy (25,028), France
(7,103), Spain (19,896), Canada (16,220), and India (335)2.
However, the extent of testing is not just a policy matter but
also is dependent on the availability of scarce public and private
resources. Under such circumstances, it may not be prudent for
policymakers to rely only on “observable” data (i.e., confirmed
COVID-19 cases) as such measures are likely to under-report
the extent of the problem. For example, by publicly reporting
47,676 deaths against only 840,476 cases, the United States may
not be accounting for the influence of lower levels of testing
(13,067 tests per million) relative to other countries. By not
proactively acknowledging data that are unobservable—i.e.,
expected infections that have not been captured by WHO-
established COVID-19-detection protocols—policymakers could

be grossly underestimating the true number of infections in the
population. Furthermore, if case fatality rates (that is, the ratio of
deaths to reported cases; e.g.,;5.7% for the U.S.) do not factor in
unobservable infections, models may overestimate the risk of
death7.

Given this background, we modeled unobserved infec-
tions to examine the extent to which we might be grossly un-
derestimating COVID-19 infections in North America.

Materials and Methods

We developed a machine-learning model to uncover hid-
den patterns based on reported cases and to predict

potential infections. First, our model relied on dimensionality
reduction to identify parameters that were key to uncovering

Fig. 1-A

Fig. 1-B

Figs. 1-A and 1-B Charts illustrating successive waves of infections (dashed), detections (black), and deaths (red) for both the U.S. (Fig. 1-A) and Canada

(Fig. 1-B); the x axis is in days. COVID-19 data are also normalized for better visualization. A visual inspection indicates the temporal delay between the

waves.
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hidden patterns. Next, our predictive analysis used an unbiased
estimator approach to infer past infections from current
fatalities.

Open Science
We referenced the initial rapid research and contributions by
Pueyo, Duarte, and others6-10. Broadly speaking, our analysis
compared the numbers of confirmed cases, deaths, and esti-
mated infections across North America (U.S. and Canada). Our
data were made available thanks to the generosity of the Johns
Hopkins University Center for Systems Science and Engineering
(JHU CSSE), the Esri Living Atlas team, and the Johns Hopkins
University Applied Physics Laboratory (JHUAPL). The data were

pulled from the COVID-19 Data Repository by the JHU CSSE
every hour.

Dimensionality Reduction
We started with exploratory data analysis. We aggregated the
U.S. and Canada since they were split by states and provinces.
While we focused on North America, we also included coun-
tries with a minimum of 10 cases. The columns in our times-
eries dataset initially included country, state, and number of
deaths and confirmed cases. First, we filtered data to include at
least 100 cases. As the “deaths” and “confirmed cases” datawere
separate in the JHU CSSE database, we concatenated both time
series. After dropping duplicated columns, we created new

Fig. 2-A

Fig. 2-B

Figs.2-A and2-BLinegraphs comparing estimated trendsofCOVID-19 infections in theU.S. andCanada.Fig. 2-A Theupper and lower boundsarebasedon

hierarchical Bayesian simulations of the case fatality rate. Fig. 2-BRelative differences between theU.S. andCanada. AsDuarte indicates9, deviation from

the dashed (45�) line helps compare how the U.S. and Canada have been tracking the true number of infected people.
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columns for (1) dirty ratio = confirmed cases/(deaths1 1) and
(2) fatality = deaths/confirmed cases. We also created new
columns for new deaths and new confirmed cases. Next, we
created a smaller dataset with at least cumulative 50 cases. We
also grouped data for states (U.S.) and provinces (Canada). Our
final dataset included the following columns: index, country,
date, confirmed cases, deaths, dirty ratio, fatality, new deaths,
new confirmed cases, and days since case 50. We assumed that
the average time from infection to death could be 8 days (to
account for older patients), 13 days, or 23 days (to account for
younger patients); however, we based our results on 13 days11.
The time from infection to death was taken as being equal to
the incubation period plus the time from symptoms to death.
This assumption was used to estimate the timing of the infections
that led to the observed deaths. We used the fatality rate per
country (total deaths/total cases) to estimate the number of
infections that were responsible for the observed deaths.

Predictive Analysis
Next, we extrapolated available information with use of
Duarte’s elegant unbiased hierarchical Bayesian estimator
approach9,10. We inferred past infections from current daily
deaths as the average fatality rate was approximated from
confirmed cases9,10,12. In doing so, we assumed that (1) the
case fatality rate (that is, the fatality rate among patients with
confirmed cases) may be a good proxy for the fatality rate of
the infected population, (2) the growth rate of the infected
population may serve as an unbiased estimate of confirmed
cases, and (3) on average, the interval between the initial
symptoms and death is 8 to 23 days.

Results

Our analysis indicated that, with a 13-day lag time from
infection to death, the U.S. likely had at least 1.3 million

undetected infections as of April 22, 2020 (represented by
dashed bars in Figs. 1-A and 1-B; COVID-19 data are also
normalized for better visualization). Under a longer lag time of
23 days, there could have been at least 1.7 million undetected
infections. Given these same assumptions, the number of un-
detected infections in Canada could have ranged from 60,000
to 80,000. We used Duarte’s elegant unbiased hierarchical
Bayesian estimator approach (which uses the case fatality
rate to infer the fatality rate of the unobservable population)
as a robustness check on these results. Using that approach,
we found that, as of April 22, 2020, the United States had up to
>1.6 million undetected infections and Canada had at least
60,000 to 86,000 undetected infections (Figs. 2-A and 2-B).
However, the JHU CSSE data feed on April 22, 2020, reported
only 840,476 and 41,650 confirmed cases for the United States
and Canada, respectively.

Discussion

Our research explored the role of unobservable infections
in COVID-19 detection bias. We identified 2 key findings:

(1) as of April 22, 2020, the United States may have had 1.5 to
2.02 times the number of reported infections and Canada may

have had 1.44 to 2.06 times the number of reported infections
and (2) even if we assume that the fatality and growth rates in
the unobservable population (undetected infections) are similar
to those in the observable population (confirmed infections), the
number of undetected infections may be within ranges similar to
those described above. In summary, 2 different approaches indi-
cated similar ranges of undetected infections in North America.

Our analysis has unique strengths. Our multidimen-
sional analysis of unobservable infections in the context of the
COVID-19 pandemic has helped us to uncover trends that are
likely to have an impact on scientific research in 3 respects. First,
we estimated the distribution of successive waves of infections
(dashed bars), detections (black bars), and deaths (red bars) for
both the U.S. and Canada (Figs. 1-A and 1-B).With the time from
infection to death being defined as the incubation period plus the
time from symptoms to death, we estimated the timing of the
infections that led to the observed deaths. Our results indicated
that, as of April 22, 2020, theU.S.may have had at least 1.3million
undetected infections and Canada may have had at least 60,000
undetected infections. Next, we supported these results through a
robustness check that used the case fatality rate to infer the fatality
rate of the infected population. Assuming that the growth rate of
the infected population could be an unbiased estimate of con-
firmed cases, we found that the numbers of undetected infections
may be quite high in the U.S. (>1.6 million) and Canada (60,000
to 86,000) (Figs. 2-A and 2-B).

We also extended the mandate of this research to un-
derstand why a set of Western countries accounted for a large
number of fatalities despite high testing. As of April 9, 2020, the
following countries had relatively higher testing per million
population: U.S. (13,067), U.K. (8,248), Italy (25,028), France
(7,103), Spain (19,896), and Canada (16,220). Yet, together
they accounted for close to 70% of all fatalities. One reason for
this finding could be that testing was late as it followed cumulative
deaths and new deaths.

Nevertheless, this research is not without shortcomings.
To some extent, our method is limited in that asymptomatic
carriers (who are believed to account for 30% to 50% of all
cases13,14) cannot be observed without antibody tests and thus
are not factored into the derived fatality rate. This means that
the number of actual infections (dashed bars) is limited to the
estimation from observed deaths and cases only and serves as a
lower boundary estimate15 (Figs. 1-A and 1-B). Furthermore,
we relied on the extant literature, some of which may still not
be peer-reviewed, to arrive at a novel framework that may point
to the extent of unobservable infections across North America,
specifically, the U.S. and Canada.

However, we hope that readers will appreciate the rapid
rate at which the pandemic scenario has evolved over the past
weeks and understand the limitations of this researchwhile also
acknowledging that unusual times call for unusual solutions.
Our goal is to contribute to the ongoing debate on detection
bias and to present an alternative mechanism that can help to
improve the robustness of COVID-19 data being made avail-
able to the scientific community. In summary, our research
adds another perspective to the ongoing debate on the
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pandemic. However, we highlight the need for more robust
data. As the COVID-19 pandemic progresses, it is crucial for
policymakers to begin to focus on the potential for detection
bias. We must be aware of the extent to which unobservable
data—infections that have still not been captured by the sys-
tem—can damage efforts to “flatten” the pandemic’s curve. n
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